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ABSTBACT. 

Causal sodeling was applied to data collected in a 
naturalistic setting in an attempt to validate a conceptual model of 
teaching. These data included supervisory ratings of the variables: 
specifying perforaance objectives, diagnosing learners, selecting 
instructional strategies, and interacting with learnets collected on 
82 student teachers. Additionally, the sean nuober of objectives 
achieved by the classes of each of the student teachers was used as a 
■easure of the fifth variable in the model, evaluating the 
effectiveness of instruction. A recursive causal model which 
described the relationship of these variables was developed and 
analyzed, using four linear eguaticns. Examination of the path' 
coefficients from these equations revealed that the variables, 
specification of performance objectives and diagnosing learners 
account for three tenths of the variance in selecting instructional 
strategies, other results indicated there were low to moderate 
amounts of Variance shared by the variables of the model. This study 
illustrates the application of causal modeling techniques in testing 
theoretical models in education using data collected in naturalistic, 
non-experiaental settings. (Author) 
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'Establishing a Causal Model For a Systematic Model of Teaching 

Through Path Analysis 
Jon 0. Denton M. Patrick Mabry Lyman Maddox 

Texas A&M University 
Abstract 

Causal modeling was applied to data collected in a naturalistic 
setting in an attempt to validate a conceptual mcJel of teaching. These 
^data included supervisory ratings of the variables: specifying performance 
objectives, diagnosing learners, selecting instructional strategies, and 
intieracting with learners collected on 82 student teachers. Additionally, 
the mean number of objectives achieved by the classes of each of the student 
teachers was used as a measure of the fifth variable in the model, evaluating 
the effectiveness" of instruction. A recursivre causal model which described 
the relationship of these variables was developed and analyzed, using four 
linear equations. Examination of the path coefficients from these equations 
revealed that the variables, specification of performance objectives and diag- 
nosing learners account for three tenths of the variance in selecting instructional 
strategies. Other results indicated there were low to moderate amounts of 
variance shared by the variables in the model. This study illustrates the 
app>ication of causal modeling techniques in testing theoretical models in 
education using data collected in naturalistic, non-experimental settings. 
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Causal Modeling ... 1 

One nettlescMne probletn affecting research in teacher education has been 
the lack of articulation between conceptual positions and empirical validation 
of those positions. The distance between verbal descriptions, so common in 
teacher education, and empirically verified principles is vast. This situation 
is due in part to the language used in the theorie20\)r teacher education, the 
operational definitions u^td to define the variables to be measured, and the 
statistical tools used in eppirisal verification. An additional difficulty occurs 
when we attempt to use an experimental design well suited for the laboratory 
but ill-suited for an operating classroom. Random assignment and stringent 

♦ 

controk:df independent variables are often compromised in order to gain access 
to "real" learners. These adjustments result, in quasi -experimental designs 
yielding results which cannot be generalized to other settings. 

Further, when tests of significance are the focus of the analysis, we 
tend to be satisfied with significant results, and fail to relate the variables 
under consideration to an overall model or theory. Alternate methods allowing 
causal inferences from naturalistic data have not been seriously considered. 
Causal techniques developed in biology and subsecjuently applied in economics 
and more recently in sociology hold promise for inferential research and model 
verification in teacher education (1), 

The ruvvoi'.t:; of tJw ir.qulry Ji.u) been to rnirh-;.\iU.if Vdlidaic a ccm:.'ci-tu^<^ 
model of :^\u'h:::j caiuuil techniqucj with. Cit.i cbtatncd in natuvalicr :.<' 

BACKGROUND ON CAUSAL MODELING 
Bijsic to the specification of a causal model which yields accurate 
estimates, ,is a thorough knowledge of the process being modeled. For instance, 
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Causal Modeling 
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. 1" ... r.no.1., „„„. ,„„ • cns.to- cm,u„ 

y ^cri:>e. A is the cause of B nnlv if J> ^, L 

altPrinn A . B can be changed by 

- to co™p.e.„. .He concepts ca.a, o.o. a. ,.e,eva. cont.,. .o.e 

-'-^ PO-.nu, .at an ct.e. ca.ses 
of B are controlled or held const,nf 

brine aw. . " ''""^'^ ' '"'^ '"^-'-nt 

" ^ '"^ '^""^ """9" "> "'any other variables that ar<. < n 

These Changes in other var'i.b, 

•i other variables need "not be controllpH wh=„ 
effect of A on 0 (9). controlled when we examine the 

The preceding explanation of cansacv 
ca.se Of 8. one .ust perfo™ an ■■idea," experiment in which other 

variables affecting B are held constant. While A if h • , ' 

wniie A If being a tered Thi< 

experin,ont fs the underlying theoretical n • ' ' ^^'^ ^^eal 

y y tneoretical proposition which forms the h.<:,-c f 

^ssunnn, u.e relationship between A and B Addif ' '^"^ 

proDositu • ' ^^^'^^^"^'^^^y. the theoretical 

proposition ,s expressed as a lintnr .wh,-.- 

. ■ ' ''''^ unidirectional system 

Given tht>sf. tiyi dii] in,.^ , -Y^iua. 

juiu^nnL.s. the roiation between A u, i n 

^ '^^'^f B can be expressed as ' 
'^near function:. wher./. represents th ■ . . 

when A changes one unit. This rnnf-.- . 

ifns coefficient, ,,,]l(v{ the effV f n rf • 

The effect coefficient i." • , coefficient, 
if ■ U)cf I i.,,,nt. ,n a recjrossion equni 

- <^^^^^^"'PLious oT cu.sal order and cau^.l .1 

"'^ closure are met (10). if 
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Causal Modeling ... 3 

Interpret regression coefficients as effect coefficients by depicting these 
assumptions in a path diagram, then we are perfonning a path analysis, 
causal order siraply me.ns that a sequence among the variables must occur. 
To Illustrate. precedes X, and may affect X, b.t X, canno_t affecKx^. ' 
-Generally, this ordering is accomplished in terms of time of occurred of 
the variable or measurement of the variable in the total system. The second 
assumption, causal closure asserts that for a causal relation between X and 
r to occur, the covariation between these variables should not vanish when 
the effects of confounding variables (those variables causally prior to both 
X and V) are removed. This limitation requires that we rule out all other 
possible causal factors (3). On what basis can we be sure we have satisfied 
this assumption? , The answer as you might expect relates to the variables in 
the theoretical model or construct which provides the basis for the inquiry. 

AN EXAMPLE OF CAUSAL MODELING 

T heoretical M odel 

As the preceding discussion suggests, causal inference procedures begin 
with a stateB^nt of the verbal theory which mades explicit both causal order ' 
and causal closure. We have chosen a. five component conceptual model of teaching 
C2) to serve this function. This model describes teaching as a series of 
sequential events requiring five distinct sets of instructional skills, that 
Is. Specifying Perfonnance Objectives. Diagnosing Learners. Selecting Instructional 
Strategies, Interacting With Learners, and Evaluating the Effectiveness of 
Instruction. 

''Iiil''jyiaii2:ri»™2a^ - The decisions. Inherent in this element 

of the instructional model are instrumental in determining whether the entire 
instructioM,,! process can be successful in producing student learning. Restated, 



• , Causal Modeling ... 4 

this idea becomes performance objectives -determine thw direction and focus of 
instruction. When performance objectives are selecteB and sequenced according 
to a logical plan, teachers are in a position of leadership and can justify 
their program to responsible critics. .Furthir beginning with objectives in 
planning for teaching is a well-established procedure in the literature on 
curriculum development (14, 15, 16). 

Dijiyncsincf Leavneyg - Teachers need information regarding a learner's 
readiness to begin a proposed new instructional sequence. The readiness of 
learners in this instance pertains to whether they have attained relevant 
prerequisite knowledges and skills necessary to acquire the objectives 
established for an instructional sequence (6.8). Bypassing this step in an 
effort to save instructional time is false economy, since the result may well 
be frustrated, bored and unmotivated learners. When adequate diagnostic 
infomation is available, instructional plans can be developed that meet the 
informational and emotional needs of the learners. 

ii^L::llhi.Ll:}^rii£Jds2hiL..^ in selecting instructional strategies, 

teachers are encouraged to structure activities that are consistent with the 
identified perfornance objectives, the entry levels of the learners, and the 
events oi instruction espoused by Gayne & Briyqs (7). In a sense, selecting 
instructional strategies inalouous to yeneratinfj directional research 
hypotheses. A strategy is created from a wid..- r,n,qe of possible approaches 
which, in the iQihvr'^. mind, will likely brinq .ibout learner uttainmcnt of the 
perfonnance objectives. The appropriateness of this strategy is "tested" during 
the implementatior. dnd evaluation phases of instruction. Justification for the 
position of this component in the model again i^, drawn from literature on 
curriculum development (H, lb) and instructiufu 1 (h.'sign (4, 8). 



ERIC 



Causal Modeling ... 5 

InteiHwHnq with Li^amara - This component represents the "doing or 
implementation p^ase" of the instructional model. The elegance of the 
instructional plan is academic if the timing and continuity of the classroom 
activities are interrjpted creating disorder and predictable management problems! 
Thus, acquiring the ability to interact effectively with learners is» perhaps, 
the most difficult set of skills for new teachers to attain. Mastering these 
skills requires considerable practice in actual classroom settings, and 
serves to justify the emphasis on the student teaching experience in teacher 
preparation programs. Pragmatically, this phase occurs after the instructional 
unit has been planned and developed.- Thus, the position of this component 
in the moOel is established by logical and practical considerations. 

^'l^;i.'!?Il"i?_.5i?!li':f:i]^ This final component serves 

to gather evidence during and after the teaching of an instructional unit to 
detemine whether the plan "worked " A review of each component in the 
instructional model Is undertaken In this component. .Representative questions to 
illustrate this review include: Were the performance objectives appropriate? 
Were the pretests really diagnostic tools? Did the instructional strategies 
incorpocate the events of Instruction? Were classrooin management procedures 
sufficient to maintain a favorable learning environment? Were the evaluation 
tools valid for assessing learner growth and program effectiveness? These 
questions are characteristic of suinmative evaluation concerns (12) and product 
evaluation (13). Thus justification for the position of this final component 
in the teaching model Is drawn from the professional literature on evaluation. 

This model of teaching provides a framework thy. encourages the development 
of individual teaching styles. Individualized styles are encouraged because ^ 
evaluation of instruction is base! ul timately on learner attainment of performance 
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* » 

objectives. Given this operating principle, teachers and teachers in preparation are 
free to choose procedures frwn their own, repertoires that they believe will resujit 
in high levels of learner performance. Further, teacher responsibility is wen 
served by this model. This responsibility comes not because of the teacher's " 
adherence to a set of "ideal role behaviors," but. rather in adapting instructional 
practiq^e, as necessary » to help learners achieve performance objectives that 
have been selected. 
Causal Model 

Translating this conceptual verbal model into hypothetical causal 
relations is the function of the diagram provided in figure 1. As indicated 
previously, the path diagram indicates linear, additive relations among the 
five variables which are included in the model. 

^ ' pla ce figure 1 abo ut here 
Only the initial variable in the model is exogenous, that is, X, is not 
influenced by the other variables in the model . The remaining four variables, 
^2' ^3* ^4* ^5* considered to be endogenous and as such are determined 
completely by variables within themodet^as well as the residual variables, 
i-e. , R^, R^, Ry, R^. These residual variables represent the effect of 
unspecified variables which cause variation in the tfndogenous variables. 
The path coefficients (P. ) represent the effect of one variable (X.) on 
another (X.).. 

Once the path model has been specified, a •-.ol of structural equations 
can be Jevt-loped and .nialyzed ly pfuvide nuiiKjr ita 1 estimates for the path 
coef f ic u-fjts. It also notewurUiy that one fully defined structural equation 
can be d..>vcloped for each ondo'jerious variable in the model. In the case of 
our path model for teach in<j, four r;tructural C(|uatior»s have been developed: 
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These structural equations then can be analyzed with simple multiple regression 

techniques. The path coefficients, P... which atv associated with various 

arrows in figure 1 are standardized Beta coefficients: that is Po, = Bo, . X 

c\ 21 

ThcG.^ .•^>c.■;VVc•^.•>«t^• r.'l'y^',u■nt : ha pwi^ort U ": . th.- atandax'd dcvutt^i^n of 

the cL'i.cKdrnt vaviable diiwtly a.uroimtad J\.n- /..// un independent vaHahlc when 
tfm influcneis of all othc2' variahlca are vemoihul -iJl). . Standardized Beta 
coefficients from the four linear equations representing the various path 
coefficients in figure 1 are presented in the results (Table 1). 
Background 

The estimates in table 1 are based on data collected from a sample of 
32 secondary level student teachers who participated in a full semester- ful 1 
day student teaching program offered by the department of educational curriculum 
& instruction at Texas ASM Unversity. During this experience, each student 
teacher .is required to develop and implement two instructional units in a 
manner consistent with the model of teaching being validated in this analysis. 
Evaluation of student teachers in this program includos 'supervisor ratings ^ 
based on in-class observations, supervisor assessments of instructional 
materials produced by the student teacher and cognitive gains by learners 
of the student teachers. Genenally, six supervisor ratings are completed 
during a semester. These ratings are recorded -on an Evaluation \Prof ilig 
instrument. This instrument is used to obtain instructional effectiveness 
ratings' of the student teacher's performance. The profile consists of thirty 
Kikert type itet^is divided into two categories, that is, instructional 

\ 
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competencies {23 items), and personal and professional competencies {7 items). 
Each Item on the scale is referenced to a performance objective in the 
Student teaching program. Further, the instructional skills addressed on 
'this instrument are compatible with the skills and knowled-ges stressed in 
^the conceptual model of teaching on which this, inquiry is based/ An alpha 
coefficient. a=.94. detennined for this instrument suggests a high degree of 
internal consistency among responses to the various items. 

A second rating scale, the Curnculum Context ChocklJ^t, was used to 
provide university supervisor ratings of the curricular units developed 
by the. student teacher. Values from this scah- provide data for the variable, 
planning effectiveness of ti.p st.ul.nt teacher. This instrument contains a 5 
choice scale identical to thf> scale of the evaluation profiles. Individual 
items of thiu instrument identify components of the curriculum unit. e.g.. 
general youls. focusing generalisations, concept list, diagnostic component, 
instructional Strategies. 

A third instrument. Surnmar;. t^vajuaUon of Unit, is completed by the teaching 
candidate i«»ncdiately after completing the instruction associated with each 
-unit. This form requires an estimate of the achievement level and socioeconomic 
Uvel of the learners in addition to the actual number of class periods required 
to teach tho unit. Perhaps the most significant information from student 
teaching is recorded on this form by the teaching candidate; these dat;. being 
■achievement information (learr.er attainment of individua"^ unit objectives 
pretest scores, and unit postlost scores). Criterion-referenced tests developed 
by the student teacher are used to provide these learner attainment data. 
These instruments, un^uQ for eath unit and each student teacher, represent a 
strength yot potont.i.il limitation in the design of this investigation. As a 
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strength the student teacher, with cjuldance front classroom and university 
supervisors, develops tests" related directly to the outcomes established for 
the perfonnance objectives in each unit. Prior learning » extenuating classroom 
situations, and the abilities of the learners are taken into account in 
establishing both the objectives and the corresponding criterion tests. Considering 
these factors, the cognitive attainment measure indeed should sample the 
behavior called for by the performance objectives of .the unit, 

A potential 1 imitation of candidate-developed criterion-referenced tests 
stems primarily from the lack of information on the reliability and validity 
of the respective instrume<its. Conventjonar reliability procedures appropriate 
for nonn-referenced tests are not determined on the various criterion-referenced 
tests because the function of these tests (lo detennine an examinee's level 
of functioning with respect to a 'stated criterion) is not consistent with the 
function of nonn-reference tests ,(det;ermine an individual's performance with 
respect to the performance of others in the. group). Thus, although we are 
concerned, we are not unduly alarmed by the absence of these values. Validity 
of criteriun-- eferenced instruments on the other hand, can'be assessed by 
detenniniruj the logical relation of the performanco objectives and the individual 
test items. Fortunately, th'is validity check was conducted by the classroom 
and university supervisor on each candidate's tost before the. instrument 
was administered to the learners. 

Values for the five variables in the path model worv^ derived from the 
liljim Co,^^^^ completed on the second instructional unit taught 

by the student teacher (X^ X^, X^), the final rating on the Evalua tion 
ProfTle instrument (X^), and the Sutl«nar^ iya^luaU of Unit (Xr). Additional 
detail regarding the nature of the program, as well as copies of the scales 

« 
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and indices used in this inquiry are presenteu in Oonton and Norris (5). 
Results 

Solutions to the four structural yquations are summarized in table 1. 
As mentioned .-^.-evious) y the numerical ^value of the path coeificients are 
the standardized regression coefficients for the independent'variablen^ 
the equation. 

The influence of objective specification on diaynosti-c strategies i<; 
modest given the coefficient of determination. Rl.Q43."^^d path coefficient. 
?2]'---^0/. The.e values however, do support the hypothesized linkage between 
these variables in the model, yet do not rule out 'the influence of unspecified 
variables contributing to the nature of the diagnostic procedure adopted by 
the teaching candidates.. 

The path coefficients, indicating the effect of performance objective 
specification on subsequent instructional strategies. P3, 10§. and diagnostic 
techniques on instructional strategies, P32= .521 .suggest some empirical support 
for these Hnkages in the model. Interestingly, these'two variables account for 
30.5- of the variance in the inUructional strategies variable.. Conversely, 
the h^D.thesi.ed linkage between the variables instructional strategies (Xj 
and.inter.ut.ng wi th- laarners (X^j) failed to produce an empirical relation. 
Further. th,> total intluenu.- attributed to dia-mos i s , instructional strategies 
and inter... t-ng with learner, on evaluation is quite modest, i.e, R^:-.087. 
Effect, ot diagnostic techniques on eva 1 uatiorMV,. ' • 201 , instructional strategies 
on evalution.P^^^--.339 aru.l iMter.n tion with learners on evaluation, P^,;-.U74. 

reveal modest to very' low influences between the variables in these various 
paths, 

]J Idce .table' 1 "about hej-e 
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t 
\. 

Given these values in table 1, residual path coefficients for the endogeneous 

variables were calculated, i.e.. f^jV98. P4y=1.00, p5^^=.96. These 

residual coefficients are determined by applying the formula P =/kr2 
2 • residual ' 

where R is the coefficient of determination. or variance accounted Vor by the 
independent variables in each of che structural equations. 

As mentioned earlier, the residual path coefficient' indicates the effect 
of all unmeasured vrtriables not included in the Miodol that cause variation in 
the dependent variable. Lxamiuifu) the coefficient-, of determination (R^) in 
table 1. reveals one of the structural (.quationi; is composed of verioblos '"^ 
which explain over 30^^ of the variance in the dependent variable under consideration 
Conversely, one equation enianatiruj from this model resulted in an of zero 
suggesting a limitation in the model specification and/or data collection 
procedures for the variables in the equation. 

^nermane to our discussu)n re;/rding the adequacy of the path modelVis 

^ * * \ 

the deten.nnination of thej>ti:^t and indirect effects that one variable ViJs 

upon another. Path analysis enables the decomposition of the correlation 

'between any two variables into a sum of simple and compound paths. While th^e 

are a number of decomposition approaches, we have applied a technique developed 

by Sewall -.'right as cited in Asher (3). Wright's approach consists of two 

definitiutis and three instructions as to how. a correlation is decomposed. 

The definitions are: 1. Any correlation between two variables can be 

decomposed into a sum of simple (direct) and compound 
(indirect) paths. 



2. A compound path is equal tu the product of the 
simple paths comprisinti it. 



r 
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% 

The corresponding instructions attributed to Wriyht are: 

(a) no path may pass thruufjh the same variable inofe 
than once; 

(bj no path may go backward (aqainst tho direction of) 

an arrow after the path has cjone forward on a different 
arrow; 

(c) no path may pass t!)rou(i[i a double-headed curved arrow 
(rcpresi-ntimj an unanaly/t.Hi correlation between 
o.xuyeriuus variables) more? than once in. any single 
path. 

Applying these definitio(\s and instructions to the path coefficients 
listed in figure 1 , decompos ) tion of the correlations between the variables 
in the model have been atxompl isfied and are r-eported in table 2. 

« 

pTace" X^yATiriJ^Pk^^ I'^'^'c;' 

Ihe decoir.posit ion of the correlation provides a -way to test the 
adequacy v)f^the model if some litikaqes have initially been omitted. If 
the mode"! is specified correctly, the zero order correlation between any two 
variables should be numerically e(|ual to the sum of the simple and compoujid 
paths linKuH) the two va r i.abl l-s . It the values <>re not e(]ual , then the 
model may nut be specified apprui'r iately and be in (u.'.etl of revision. ' 
Further, it the .-ero-order correlations tetween variables in fhe model are 
zero or tuMriy so, then adjustments may be neces-.ary. Similarly, if correlations 
between v.ir-iables which ari» nut tonnected by paths in the model greatly exceed 
zero. sp'..-> 1 ; ic.it i on couerrriS itiay bf siynalU'd. 

\.^ \ :\.\\v\ ;.h<- va!u(>s in table ;' r(?ye>ils ()(••;•. i t) ! e limitations id the 
present ;->i'-,i:.'l oiven Ihr df or-ciu'.'rit iuned gu idel i ru.--, . for instance, the path 
coeff i'/.ts between X-^-X^ ( P^^---- . 0)6) , X^-Xf^(P,-^-- .074) 

suggest '..''TMrs re(iardirni thccMusal links hotweeii Instructional StrategieSvX^^) 



and 



IntfMth. t ing with learn(-rs (X,), between Pcr-t or^iiianco Objectives (X,) and 
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Instructional Strategies (X^), and between Intoracfino with Learners (X^) 
and Evaluation (X^). respectively. It cannot be determined from the 
.information we have whether the difficulties lie with model specifications, 
variable measurement or a combination of these conceptual constructs. Yet 
we do know where to direct our attention in re-oxdinining the model. 

As the preceding statements reveal, path analysis procedures provide us 
with the means to check the conceptual associations in our model of teach incj. 
While the linkages with the components,- Interacting with Learners, appears to be 
in need of review, other aspects of the model appear to be reasonably sound. 

SUMMARY 

This paper has addressed one type of causal model involving one-way 
causation. The structural equations in this paper are linear and focus on 
relations across the five components of a model of teaching. Other forms of 
causal model in() are possible which involve reciprocal causation under certain 
conditions, but these non-recursive techniques have not been addressed. 

Causal model in<j nroccdunrs provide powerful mt.-lhodological tools for 
relating theory and research in ruUuralistic settinfis. Moreover, these 
techniquos enable a set o^ causal relations to be hypotheb ized on the basis 
of a theoretical framework. Sub-^eijuent to thi«; conceptualizing effort, linear 
regression equations based on the set of hypothetical relations are developed 
and treated statistically. Values obtained from this treatment are then used 
as numerical estimates of the hypothesized relations. Thus causal modeling 
permits conceptual theories in education to be transformed Into their quantitative 
equivalents for empirical testing. Perhaps 'through the use of these methods, the 
"gulf between verbal and quantitative constructs in teacher education can bo 
reduced resulting in better theories for teachinq and preparing teachers. 

16 
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Table 1 



Standardized Regression Coefficients (Path Coefficients) for X 
the Four Structural Equations Related to t he Model of Teaching ^ 

Path Standardized CoefTicienT 



Dependent Variable Independent Variable 

r 



Diagnosis (X^) 



label Regression of 

Coefficient Detennination 
(^•j) (B) (r2) 



Perfonnance Objectives 



Instructional (X^) Performance Objectives 
Stratey'ies 



Interactifuj (x. ) 
with Le<»rnori 



Diagnosis 

Instructiofidl Strategies 



il 

4:? 



Evaluation (X^) Diaynosis 



52 



Inr,tr\ni4i4ona 1 Stratetjiv^s \\ 



I;ilL'ract.in(; with Learner'.; 1' 



-.207 
-.105 
.521 
-.016 

.201 

-.339 
-.074 



.043 
.305 

.000 
.087 
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Table 2 

Correlation Decomposition Table for Relations Among 
the Five Variables Included in the Model of Teaching 



Variables 


Zero-order 
Correlat1on{r. 

(A) 


.) 

Direct 
(B) 


Causal 
Indirect 
(C) 


Total 
(D) 


Spurious 
(A-D) 




-.207 


-.207 


000 


%207 


000 ■ 




-.213 


-.106 


-.107 


-.2.13 


000 




.542 


.521 


000 


.521 


.021 




-.016 


-.'016 


000 


.016 


000 


^3 5 




- . jjy 


.001 


-.338 


.109 




-.074 


-.074 


000 


-.074 


000 


X2-X5 


.020 


.201 


-.177 


.024 


.004 




.106 


★*o 


.002 








.115 


**o 


-.006 








-.030 


**o 


.003 







Direct causal effects between these variables were not calculated, since 
they were not included in the path model. The causal effect of these 
variables pairs is assumed to be 0 since they were not included in the 
path model. 
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